Abstract-Load forecasting has long been recognized as an important building block for all utility operational planning efforts. Over the recent years, it has become ever more challenging to make accurate forecasts due to the proliferation of distributed energy resources, despite the abundance of existing load forecasting methods. In this paper, we identify one drawback suffered by most load forecasting methods -neglect to thoroughly address the impact of input errors on load forecasts. As a potential solution, we propose to incorporate input modeling and uncertainty quantification to improve load forecasting performance via a two-stage approach. The proposed two-stage approach has the following merits. (1) It provides input modeling and quantifies the impact of input errors, rather than neglecting or mitigating the impact -a prevalent practice of existing methods. (2) It propagates the impact of input errors into the ultimate point and interval predictions for the target customer's load to improve predictive performance. (3) A variancebased global sensitivity analysis method is further proposed for input-space dimensionality reduction in both stages to enhance the computational efficiency. Numerical experiments show that the proposed two-stage approach outperforms competing load forecasting methods in terms of both point predictive accuracy and coverage ability of the predictive intervals.
I. INTRODUCTION
With the rapid growth of distributed energy resources (DERs), the high level of uncertainty in power grids has been steadily increasing, rendering responsive and reliable load forecasting more critical and challenging than ever. A plethora of methods have been proposed to meet the challenges in load forecasting, which generally fall into two categories: one-stage and two-stage methods. A typical one-stage method adopts a single prediction model for load forecasting, and various models have been considered in the literature. For example, in [1] and [2] , standard multiple linear regression models are enhanced by different techniques to tackle large datasets for load forecasting. In [3] and [4] , modified ARIMA models are used to capture customers' load patterns. In [5] and [6] , support vector regression algorithms are modified to achieve a high predictive accuracy especially when handling high-resolution distribution systems. In [7] - [9] , different types of neural network (NN)-based methods (e.g., recurrent NN, wavelet NN, and fuzzy NN) are proposed for modeling the complex relationships between customers' loads and input variables. Last but not least, Gaussian process (GP)-based G. Xie and X. Chen are with the Grado Department of Industrial and Systems Engineering, Virginia Tech, Blacksburg, VA 24061 USA (e-mail: {guanx92, xchen6}@vt.edu).
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methods that adopt various forms of covariance kernels and input variables are studied in [10] - [12] to obtain an informative interval prediction for the target customer's load.
As the name suggests, two-stage methods, on the other hand, perform load forecasting in two stages, with each stage having a separate model for a different purpose. The second-stage model is dedicated to the target customer's load prediction, while the first-stage model is typically set up to process input features (i.e., either select useful features or provide accurate input estimates) to carry out the second-stage load forecasting. Two-stage methods are known for their enhanced predictive performance thanks to the first-stage processing [13] . The interested reader is referred to [13] - [17] and references therein for a review of two-stage load forecasting methods.
Despite their successful applications reported, most existing methods have one major drawback: they fail to thoroughly address the impact of input errors when performing point and interval predictions for the target customer's load. Input errors arise from the use of the estimates of relevant input features for load forecasting. The commonly used input features include future weather conditions (e.g., temperature and cloud coverage), future power states (e.g., voltages and phase angles), etc. As these future input values are not known at the time of prediction, they must be estimated, say, by domain experts and prediction models. The predicted input values are inevitably susceptible to errors, which can severely undermine the ultimate load forecasting performance achieved. However, a majority of existing methods neglect or underestimate the corresponding impact as if the input data used for prediction were free of errors.
There indeed exist some two-stage methods that tackle input errors to mitigate their impact on point predictions to some extent. The main idea is to apply noise filtering techniques (e.g., Kalman filter) to filter out input errors. However, this practice does not tackle the impact of input errors on interval predictions, neither does it provide any input uncertainty quantification. A better way is to appropriately quantify the impact of input errors and reflect it in both point and interval load predictions.
Motivated by the aforementioned discussion, we contribute to the load forecasting literature by proposing a two-stage approach to thoroughly address the impact of input errors through input modeling and uncertainty quantification. Specifically, in the first stage, we adopt a hybrid model of NN and GP to provide an accurate point prediction for future input feature values, together with an interval prediction to quantify the input uncertainty. In the second stage, the point and interval predictions obtained are seamlessly utilized by a GP model that can handle noisy inputs, which forms the ultimate point and interval predictions for the target customer's future load with the impact of input errors taken into account. Figure 1 shows a schematic diagram of the proposed two-stage load forecasting approach aimed at improving load forecasts. To enhance the computational efficiency of the proposed twostage approach, we further propose to perform input-space dimensionality reduction via a model-free global sensitivity analysis (GSA) method for input feature selection. The proposed two-stage approach is tested on various IEEE distribution system test cases, namely, 8-bus, 14-bus, 24-bus and 123-bus systems, in comparison with representative one-stage and two-stage methods. The proposed two-stage approach outperforms the competing methods in terms of both point and interval predictions across all cases tested.
The remainder of the paper is structured as follows. Section II elaborates on the proposed two-stage approach. Section III presents the GSA method that aims at enhancing the computational efficiency. Section IV presents numerical experiments for comparing the proposed two-stage approach with competing forecasting methods. Section V concludes the paper.
II. LOAD FORECASTING WITH INPUT MODELING AND UNCERTAINTY QUANTIFICATION
In this section, we elaborate on how the proposed two-stage approach can thoroughly address the issue of input errors by quantifying and propagating their impact into the ultimate load forecasts.
For ease of exposition, we first define the input features to be used in the second-stage model. Consider predicting customer i's load at hour t in a distribution grid comprising N customers. We adopt the following set of input features:
with θ i,k denoting the difference in phase angles of customers i and k. Such a choice was first adopted by the IGP framework proposed in [17] , which is inspired by the well-known power flow equation:
where P i denotes the load of bus i in a distribution grid, |V i | is the voltage magnitude of bus i, and G ik and B ik are coefficients describing the relationship between buses i and k, with i, k = 1, 2, . . . , N . Equation (2) implies that a given target customer's load is strongly related to the phase angle differences between other customers and herself. It is known in the literature that there typically exists a strong coupling between load and phase angle, whereas the coupling between load and voltage magnitude is rather weak [18] . Hence, the use of phase angle information as inputs is arguably sufficient for load forecasting purposes. We note that other relevant input features such as weather conditions and geographic locations can be easily incorporated into the proposed two-stage approach as well. For simplicity, we keep the input features as given in (1) at hour t, the second-stage model in our two-stage approach requires an input vector x t+1 in the form of (1) for load prediction. Since the input values in x t+1 are unknown to us at hour t, the first-stage model is adopted to perform hour-ahead input prediction. To fully quantify the input prediction errors, the first-stage model must provide an interval prediction as well as a point prediction. GP becomes a natural choice to this end thanks to its inherent predictive uncertainty measure. However, GP is known for its incompetent extrapolation performance [19] , hence unsuitable as the firststage model for predicting future input values. In contrast, NNs are known for their ability to capture complex output patterns and their outstanding extrapolation performance. However, NNs do not come with a predictive uncertainty measure. We propose to use the neural network-Gaussian process (NNGP) model recently proposed in [20] to accomplish both tasks simultaneously. The underlying idea of NNGP is to place prior distributions on the weight and bias parameters of a deep neural network (DNN) with infinite width and derive its equivalent GP formulation. By using the equivalent GP for prediction, NNGP can combine the strengths of NN and GP, providing a highly accurate point prediction as well as an informative interval prediction for future input values.
Below we briefly explain the rationale behind NNGP. Consider a fully-connected DNN with L hidden layers (L ≥ 2), where the number of hidden units in each layer, N u , are equal. Denote the pointwise nonlinearity function by φ. Let x ∈ R din and y ∈ R dout denote the input and output vectors of the network, respectively. Consider the ith hidden unit in the lth layer, and denote the post-nonlinearity and the post-affine transformation by a l i and z l i , respectively. Hence, we have To derive an equivalent GP for a generic DNN at hand, we first show how to do so for a one-layer NN with infinite width.
In particular, given any two inputs x, x ∈ R din , it follows that
We can see from the above that each component of the output vector of a one-layer NN with infinite width is equivalent to a GP with a covariance function specified by (3) .
The aforementioned result can be generalized to NNs with more than one layer in a recursive manner by utilizing the relationship between a l j and z
The resulting covariance function in the Lth layer, K L (x, x ), hence serves as the covariance kernel of the equivalent GP for a DNN with L hidden layers. For the sake of brevity, we refer the interested reader to Appendix A for a detailed derivation.
2) Input Prediction and Error Quantification: In the first stage, we predict the hour-ahead input vector component by component via NNGP. For predicting each component, we utilize not only their own values observed in the past but also the observed values of other components.
Let us consider predicting the input θ i,j at hour h * , for j = 1, 2, . . . , i − 1, i + 1, . . . , N (see the definition given in (1)). We construct a training set for NNGP as {D
* − 1, and n t1 denotes the number of days from which the training points are sampled. For our purpose, the output layer Y h j is in fact θ h i,j , namely, the phase angle difference between customer i and customer j at hour h. Taking into account the correlations between different customers (recall (1), (2) and discussions therein), we set X
i,j ) , with n in denoting the number of days from which the data in the input layer are sampled, and the indices j 1 , j 2 , . . . , j nj are selected from {1, 2, . . . , N } excluding i and j.
Upon constructing the training set, NNGP can be trained using the covariance kernel obtained following the steps as given in Section II-A1. The predictive mean and variance of each component in the hour-ahead input vector can be obtained via NNGP in the same manner as using a GP model. Hence, the predictive mean of the input vector
and predictive variance of the input vector
are readily available, and can then be used in the second-stage model for making ultimate load forecasts.
The choice of the parameters for NNGP (i.e., n t1 , n in , σ b , σ w , and the number of hidden layers L) greatly impacts the predictive accuracy achieved. Appropriate parameter values can be obtained by a cross-validation procedure, and we refer the interested reader to [20] for details.
B. Input Error Propagation and Uncertainty Quantification in the Second-Stage Load Forecasting 1) Model Choice:
In the second stage, we aim to appropriately propagate the impact of input errors assessed in the first stage into the ultimate load forecasting results, reflecting it in both point and interval predictions. The noisy input Gaussian process (NIGP) model proposed in [21] is arguably an adequate choice as the second-stage model. Compared to standard GP models, NIGP can propagate the impact of input errors into both point and interval predictions, providing a thorough solution to the issue of input errors in load forecasting.
Below we briefly describe the rationale behind NIGP. Assume that the observed output y ∈ R is a noisy measurement of an actual outputỹ, that is,
where the output noise is assumed to be normally distributed, i.e., ε y ∼ N (0, σ 2 y ), with σ 2 y denoting the output noise variance. Assume that the observed input vector x ∈ R d can be modeled as the actual input vectorx corrupted by some input noise:
where the input noise vector is assumed to be normally distributed, i.e., ε x ∼ N (0, Σ x ), with Σ x denoting the d × d input noise covariance matrix. Based on (6) and (7), we can establish the following relationship between the observed input-output pair (x, y) as follows:
where f : R d → R denotes the target input-output relationship to estimate. Suppose that f (·) can be modeled as a GP with some covariance kernel. The first-order Taylor expansion of
where ∂f (·)/∂x denotes the partial derivative process of f (·), which is also a GP [22] . Given that the distribution of the product of two normal random vectors ε x and ∂f (x)/∂x is analytically intractable, we approximate ∂f (x)/∂x by the gradient of the posterior mean of f (x), and denote it by ∂f . It then follows from (8) and (9) that
We see from (10) that the observed output y is approximately normally distributed, i.e., P (y|f ) = N (f, σ 2 y + ∂f Σ x ∂f ). Now suppose that the training set for NIGP comprises N observed input-output pairs, {(
. Denote the N × d input matrix by X and the N -dimensional output vector by Y . Let C denote the N × N covariance matrix obtained by evaluating the covariance kernel at X, and denote the gradient of the posterior means at the N training inputs by ∆f , which is an N × d matrix. When the popular squared exponential covariance kernel is used, the covariance between any two inputs x i and x j is given by
where σ 2 f represents the process variance, and Λ denotes the d × d diagonal matrix with its main diagonal elements being the length-scale hyper-parameters.
The expressions for the predictive mean and variance of NIGP can be derived when the test input is deterministic and stochastic. Denote the observed test input by x * and the actual test input byx * . For the deterministic case, we have x * =x * . Hence,
where diag(∆f Σ x ∆f ) denotes the diagonal of the matrix ∆f Σ x ∆f , and I N denotes the N ×N identity matrix. Notice that ∆f Σ x ∆f is a correction term added to the covariance matrix of a standard GP model to reflect the uncertainty in the inputs X.
In the stochastic case, assume that the observed test input x * is multivariate normally distributed, i.e., x * ∼ N (x * , Σ x ). It follows that the predictive mean of f (x * ) can be given as
Compared to the predictive mean given in (12) , q is the counterpart of C(x * , X) in the stochastic case, which is given by
where p(x * |x * , Σ x ) is the posterior ofx * . When the squared exponential covariance kernel in (11) is adopted, q is an N ×1 vector whose ith component is given by
. . , N, where I d denotes the d × d identity matrix. Utilizing the law of total variance, the predictive variance of f (x * ) follows as
where tr(M ) denotes the trace of matrix M , and Q is an N × N matrix whose (i, j)th component is given by
and α = (C + σ
We refer the interested reader to [19] , [21] for more details on the derivation of the predictive mean and variance functions of NIGP. A MATLAB package is available for practical implementation of NIGP [23] .
2) Input Error Propagation and Quantification in Load Forecasting: In the second stage, NIGP can be conveniently implemented for making ultimate load forecasts. As NIGP is essentially a variant of GP, its training and prediction can be performed in the same manner as using a standard GP. Consider predicting the target customer i's hour-ahead load P h * i at hour h * − 1. We first estimate the hyper-parameters σ h=1 , where n t2 denotes the number of days from which the training points are sampled, and x h is in the form of (1). With the estimates of the hyper-parameters, the load forecast P h * i can be made with the predictive mean and variance of the input vector, µ 1 and V 1 , respectively given by (4) and (5). Specifically, set Σ 1 = diag(V 1 ), a diagonal matrix whose main diagonal entries are given by the components of V 1 . Then the predictive mean and variance for the target customer's hour-ahead load P h * i can be obtained by replacingx * and Σ x in (13) and (14) respectively by µ 1 and Σ 1 . The predictive mean can be used as a point prediction for P h * i , and the prediction variance can be utilized to construct an interval prediction for P h * i .
III. IMPROVING COMPUTATIONAL EFFICIENCY VIA GLOBAL SENSITIVITY ANALYSIS
In this section, we aim to improve the computational efficiency of the proposed two-stage load forecasting approach. Due to the use of spatial information (i.e. phase angle difference) for load forecasting, the input-space dimensionality can increase dramatically with the number of customers in the power grid, resulting in a high computational cost. To reduce the input-space dimensionality, one can consider retaining only a few most important input dimensions for load forecasting. Although many feature selection techniques (e.g., filter methods, wrapper methods, and embedded methods, see [24] , [25] ) are available, most of them are parametric approaches, hence pose restrictive assumptions on the underlying input-output relationship. In this work, we adopt the variance-based GSA method, which is model-free. GSA can be applied to both stages of our two-stage approach to improve the computational efficiency achieved.
A. Variance-Based GSA for Systems with Functional Inputs
GSA focuses on quantifying how sensitive the output is to each individual input feature and their interactions, and identifies those inputs that contribute the most to the output variability. GSA methods fall into two categories: regressionbased and variance-based. The main idea of the variance-based GSA methods is to decompose the variance of the output as a sum of contributions of each input feature. One of the most widely used variance-based GSA methods is the Sobol' index method, on which we provide a brief overview below.
Consider the following model: X → Y = f (X), where f (·) denotes the underlying input-output function, X = (X 1 , X 2 . . . , X m ) denotes the m×1 vector of input features, and Y represents the output. The first-order Sobol' index of X i is defined as
, which quantifies the impact of X i on Y only, excluding any interactions with other inputs. The total Sobol' index of X i is defined as
where X ∼i denotes the collection of all inputs except X i . The total Sobol' index measures the total impact of X i on Y , including higher-order impacts through interactions with other inputs. By definition, a Sobol' index takes a value in [0, 1]. The larger an index value is, the greater impact the associated input has on the output. A majority of existing methods proposed for Sobol' index estimation focus on tackling spatial inputs, see, e.g., [26] - [29] . In our problem context, however, methods capable of handling functional inputs (i.e., inputs that vary with time) are required. GSA methods that tackle systems with functional inputs are relatively scarce. In [30] , the authors proposed an effective Sobol' index estimation method for GSA of dynamic systems, which is suitable to be applied to the first-and second-stage analyses to improve the computational efficiency achieved.
To estimate the Sobol' indices, we first decompose the functional inputs through a simultaneous principle component analysis as follows:
where γ = {γ 1 , γ 2 , . . . , γ p } denotes the collection of basis functions such as B-splines and wavelets, and β = {β 1 , β 2 . . . , β p } denotes the set of corresponding coefficients, with p denoting the number of basis functions used. Then we approximate the joint distribution of the coefficients in β using a Gaussian mixture model. Subsequently, we can construct Monte Carlo (MC) samples of the functional inputs based on (15) by sampling from the approximated distribution of β. Given a sample of input features, we can obtain the corresponding outputs Y using an approximated input-output function f . The first-order and total Sobol' indices can then be estimated via MC sampling. Taking into account the potential interactions between the components of the input vector, we adopt the total Sobol' index as the importance measure and use the following estimator proposed in [31] :
where A, B, and C respectively denote three independently generated n×m matrices of input samples, each row of which gives a randomly sampled input vector. In (16) , f (A) evaluates the approximated function f at the input vector given by each row of matrix A, and the subscript j of f (A) j denotes the jth row of the resulting matrix f (A). A
(i)
B denotes the matrix whose ith column is taken from matrix B while the other m − 1 columns remain from matrix A.
B. Speeding Up Input Prediction and Uncertainty Quantification
The purpose of performing GSA in the first stage is to select a set of customer indices {j 1 , j 2 , . . . , j nj } from {1, 2, . . . , N } (see Section II-A2) to help with input prediction. Consider predicting the value of input θ i,j at each hour on a particular day, namely, θ
. Prior to prediction, we first construct a training set with full-dimensional inputs for the GSA purpose. Specifically, we set n j = N − 2 and n in = 1 in Section II-A2. Hence, each input dimension corresponds to the phase angle difference of the target customer and another customer at one of the previous 24 hours and the input-space dimensionality is 24(N − 1). Recall that in the first stage, the input-output relationship is approximated by NNGP, hence the first-stage GSA is carried out based on the NNGP model to obtain the total index estimates, S 1 Ti , i = 1, 2, . . . , 24(N − 1). Since each index i corresponds to a particular hour and a particular customer, we then quantify the impact of each component of the input vector (θ i,1 , . . . , θ i,i−1 , θ i,i+1 , . . . , θ i,N ) by the following summary statistic:
Here H measures the impact of each input feature on the output in the first-stage input prediction, and the larger the value, the greater the impact. We sort the H 's in a nonincreasing order and select the first n j corresponding components (excluding Θ h i,j ) to be included in X h j for input prediction as detailed in Section II-A2. The value of n j can be determined together with other parameters of NNGP by running a cross-validation procedure.
C. Speeding Up Load Forecasting
In the seccond stage, we aim to identify and select a few components in the input vector (θ i,1 , . . . , θ i,i−1 , θ i,i+1 , . . . , θ i,N ) to be used in the NIGP model for predicting the target customer i's hour-ahead load. We carry out GSA based on the NIGP model trained in the second stage following the steps detailed in Section III-A. We obtain the total Sobol' index estimate, S 2 Tj , for each input θ i,j . The higher S 2 Tj is, the more important θ i,j is considered for load prediction of the target customer i. Upon identifying the most important components in the input vector, only those components will be retained as inputs for future load prediction. Hence, a higher computational efficiency can be achieved.
IV. NUMERICAL EXPERIMENTS
In this section, we numerically evaluate the predictive performance of the proposed two-stage load forecasting approach against two benchmark methods, i.e., a representative twostage model -IGP proposed in [17] and a representative one-stage model -SARIMA studied in [3] . We refer to the proposed two-stage approach as NNGP-NIGP. As mentioned in Section II, IGP adopts the same input features as NNGP-NIGP. Nonetheless, the first stage of IGP only provides a point prediction for the hour-ahead input vector via k-means clustering, and fails to quantify and propagate the impact of input errors into ultimate load forecasts. Without a mechanism to properly tackle the uncertain inputs, IGP constructs interval predictions for the target customer's load via a heuristic approach. As will be shown later on, the comparison of NNGP-NIGP and IGP clearly manifests the substantial improvement in the predictive performance brought about by proper inputerror propagation and quantification. The SARIMA model, on the other hand, modifies the traditional seasonal ARIMA model with a multi-model partitioning algorithm, and uses the target customer's data for forecasting. This one-stage model serves as a baseline for comparison in the numerical experiments.
A. Experimental Setup
Experiments are conducted on four IEEE test cases, respectively, 8-bus, 14-bus, 123-bus test cases as well as a 24-bus test case which is constructed to simulate the phase unbalance problem based on the 8-bus test case. To simulate highly uncertain load behaviors caused by DERs in real-life power systems, historical load profiles drawn from real-world data sources are used for simulations. Taking into account the uncertain renewable generation behaviors of DERs, we first pre-process the hourly PV generation data over a year drawn from Renewable.ninja [32] , and then subtract the preprocessed data from the load data of each bus. To obtain phase angle values, we perform power flow analysis to generate the states of the power system hourly over a one-year time frame using the MATLAB Power System Simulation Package (MATPOWER) [33] , [34] , based on the processed load data.
The predictive performance of each approach is evaluated by the accuracy of the point prediction and the coverage ability of the predictive interval obtained. To evaluate point predictive accuracy, we use the mean absolute percentage error (MAPE), which is defined below:
where P h and P h respectively denote the load actually observed and the predicted load at hour h, and T denotes the number of hourly predictions made. In our experiments, T = 24 is used to calculate MAPE for every prediction day. Since the SARIMA model does not provide an interval prediction, we only compare the coverage abilities of the predictive intervals given by NNGP-NIGP and IGP. The coverage abilities are assessed by the coverage probability (CP): CP = n c /24, where n c denotes the number of observed load data points covered by the predictive interval on a prediction day. Predictions are performed over 30 days in each season for all customers in each test case considered.
To set appropriate parameter values for the first-stage NNGP model and GSA, a cross-validation procedure was adopted. For the 8-bus, 14-bus, and 24-bus test cases, the parameter setting adopted is n t = 60, n in = 3, σ b = 1, σ w = 1, and n j = 1 (the number of neighboring customers whose information is included for the first-stage input prediction; see Section III-B for details). For the 123-bus test case, the parameter setting used is n t = 90, n in = 3, σ b = 1, σ w = 1, and n j = 2. Regarding the second-stage NIGP model, the only parameters that require estimation are those in the covariance kernel, which are learned via maximum likelihood estimation. The numerical experiments are performed on a laptop with 6th generation Intel Core TM i7 processor and 8.0GB DDR4 memory.
B. Comparison of Point and Interval Predictions
The MAPEs obtained by NNGP-NIGP, IGP, and SARIMA in all test cases are summarized in Fig. 2 . We see that across all test cases, NNGP-NIGP outperforms IGP and SARIMA in terms of the point estimation accuracy. This is because NNGP-NIGP can properly incorporate the impact of input errors in the ultimate point prediction for the target customer's load, while the competing methods fail to do so. The CPs obtained by NNGP-NIGP and IGP in all test cases are summarized in Fig. 3 . We see that NNGP-NIGP has a higher coverage probability than IGP. To closely examine the ability of NNGP-NIGP in appropriately propagating the impact of input errors into the predictive uncertainty associated with the target customer's load forecasts, we show in Fig.  4 the predictive intervals obtained by NNGP-NIGP and IGP for one arbitrarily chosen customer on a typical prediction day in all test cases. Notice that in Fig. 4 , the predictive interval of NNGP-NIGP can cover more observations than IGP due to suitable input error propagation. Moreover, the predictive interval given by NNGP-NIGP is much narrower than that given by IGP. In fact, the predictive interval of IGP is found sometimes wider than actually needed, which may result in unnecessary waste of resources if used for planning and operation purposes.
C. Applying GSA to Improve Computational Efficiency
We demonstrate that the proposed GSA method can effectively identify those important input features for load forecasting and improve the computational efficiency of NNGP-NIGP. Table I shows the estimated total Sobol' indices obtained in the second stage of NNGP-NIGP for load prediction of customer 1 on three different days in the 8-bus test case. Since the estimated Sobol' index value corresponding to the input θ 1,2 is significantly higher than those for the other inputs, θ 1,2 is identified as the most important input for load prediction of customer 1. This conclusion is consistent with that of IGP given in [17] , where a heuristic feature selection method relying on the automatic relevance determination kernel is used. As presenting the GSA results for the other test cases (especially for the 123-bus test case) would require considerable space, we mention without showing details that the GSA results are highly consistent with those obtained by IGP in other test cases as well. Table II shows the average computational times consumed by NNGP-NIGP with and without GSA in all test cases. We see that the computational time of NNGP-NIGP is significantly reduced when only those important input features are used for load forecasting. 
V. CONCLUSION
This work represents one of the first efforts to thoroughly address the impact of input errors on both point and interval predictions for the target customer's load. We identify and verify the opportunity of improving load forecasting performance by incorporating suitable input modeling and uncertainty quantification in a two-stage approach. The first stage delivers point and interval estimates for future input feature values, which are to be used in the second-stage model. The second stage propagates the impact of input errors into the ultimate point and interval predictions for the target customer's load. We select a representative two-stage load forecasting model, IGP, as the main benchmark model, which also performs input prediction, nevertheless via a much less sophisticated approach. The proposed two-stage approach is found to outperform IGP and a representative one-stage model, SARIMA, with respect to both point and interval predictions in various test cases. In addition, a model-free functional GSA method is considered to reduce the input-space dimensionality for an enhanced computational efficiency. The numerical results show that the GSA method can significantly improve the computational efficiency of the proposed twostage approach.
